This work proposes a novel adaptive type 2 fuzzy sliding controller (AT2FC) for vibration control of magnetorheological damper-(MRD-) based railway suspensions subjected to uncertainty and disturbance (UAD). The AT2FC is constituted of four main parts. The first one is a sliding mode controller (SMC) for specifying the main damping force supporting the suspension. This controller is designed via Lyapunov stability theory. The second one is an interpolation model based on an interval type 2 fuzzy logic system for determination of optimal parameters of the SMC. The third one is a nonlinear UAD observer to compensate for external disturbances. The fourth one is an inverse MRD model (T2F-I-MRD) for specifying the input current. In the operating process, an adaptively optimal structure deriving from the SMC is created (called the Ad-op-SMC) to adapt to the real status. Working as an actuator, the input current for MRD is then determined by the T2F-I-MRD to generate the required damping force which is estimated by the Ad-op-SMC and the nonlinear observer. It is shown that the obtained survey results reflect the AT2FC's excellent vibration control performance compared with the other controllers.
Introduction
Controlling effectively nonlinear systems subjected to UAD such as MRD-based railway suspensions is always challenging issue to be effectively resolved. Being seen as noise, UAD may come from several reasons, model uncertainties, lack of accuracy of the measurement devices, unknown nonlinear characteristics of the actuators, and unknown impact of the operating environment. They are all becoming a big issue to achieve accurate and high control performance. Operating in this condition, the design of an appropriate adaptive controller to compensate uncertainties and noises is absolutely required to guarantee robust stability. Focusing on this, various studies have been carried out. For example, applying the sliding mode technique [1] [2] [3] [4] [5] , interpolating control rules of fuzzy logic [6] [7] [8] [9] [10] [11] [12] [13] , or building observers to compensate for the influence of UAD has obtained positive results [14] [15] [16] [17] .
Besides, combining these methods has been also seen as the appropriate approach providing some advantages [18] [19] [20] [21] [22] .
As well known, the sliding mode control (SMC) method could surmount difficulties related to the nonlinear and uncertainty aspects. With significant potentials, SMC controllers have been widely used for nonlinear control systems [1-5, 9, 12] . Using a proper control strategy, a process consisting of two phases, the approaching and maintaining, is performed in order to set up and uphold reasonable operating conditions. In the first one, the system is controlled to direct towards the sliding surface, and then the system dynamics switches along it in the second phase. To perform this, as usual, an infinite commutation function is required to create the control signal. This sometimes causes the chattering phenomenon impacting negatively on the system [9, 18] . To overcome this, fuzzy logic systems (FLSs) have been used as a reasonable tool for establishing solutions [18] [19] [20] [21] [22] . Therefore 2 Shock and Vibration there have been several controllers built by combining the SMC and FLS, in which FLS is used to establish control laws and/or to build the black-box-typed models depicting the system's input-output relation [8, 9, 22] . Regarding these applications, both the type 1 fuzzy logic system (T-1FLS) and the type 2 fuzzy logic system (T-2FLS) can all be utilized. However, reality shows that, in case of having to cope with difficulties related to UAD or noise, T-2FLS has significant advantages compared with the other [7, 12, 13, [23] [24] [25] [26] [27] .
The T-2FLS is built based on type 2 fuzzy sets (T-2FSs). In general, a fuzzy number of [0, 1] is used in the T-2FS. In fact, if an element cannot determine its membership in a set as 0 or 1, T1-FS can be used. However, if the membership grade of an element in a set even cannot be expressed as a crisp number in [0, 1], the T-2FS can be seen as a useful option [7] . By using the T-2FS, uncertainty aspects can be depicted by the shape or the parameters of the fuzzy sets or both of them [23] . It is noted that if fuzzy rules are formed from noisy data set or built via an uncertainty relation of a chosen physical model being operated in a disturbed environment, the created rules will be carried over by these statuses. As a result, this causes decreasing of the effectiveness of the established FLS. In this case, IT-2FLSs based T-2FSs can depict the system better than T-1FLSs [7] . These aspects should be considered to build controllers for railway suspension systems, where UAD always exists and influences negatively on the controllers [9, 27] . In [9] , in order to cope with the unknown load time varying and the model error, a controller named NFSmUoC for MRD-based railway suspensions was built using an adaptive neuro-fuzzy inference system (ANFIS), sliding mode control, and an uncertainty observer, in which the ANFIS worked as a T-1FLS to identify the MRD. By analyzing the results obtained from this work we observe that the optimal values of the sloping rate as well as the changing rate of the sliding surface are quite sensitive to the special features of the real track type and the load. Besides, there exists a mutual dependence between dynamic response of the MRD and the environment condition including temperature, to which the ANFIS working as a T-1FLS cannot be able to express fully this multidirectional and nonlinear relation. Hence, in this case, building the control ability to adapt to UAD based on SMC and IT-2FLS can be seen as an appropriate option. Paying attention to this aspect, another approach which relied on building the capability to predict the track profile's status to update adaptively the optimal parameters of the control system was presented in [2] , by which the unwanted impacting of UAD can be overcome partly. Its effectiveness, however, is reduced if the train speed increases. The main reason is the relative delay between the real and predicted track status.
Consequently, in this paper a new adaptive type 2 fuzzy sliding controller (AT2FC) for controlling vibration of MRD railway suspension systems subjected to UAD is presented. UAD consists of the unknown load change including the random impact of wind force, unknown aspects of the track profiles, and the model error. The main technical contributions of this work are summarized as follows. The first one is an adaptively optimal SMC named Ad-op-SMC for specifying the main damping force supporting the suspension. First, the initial structure of SMC is designed based on Lyapunov stability theory, and then, in order to improve the adaptive ability to cope with UAD, we propose an interpolation model called T2F-SMC-TPM which relied on an IT-2FLS for interpolating the optimal parameters of the SMC according to the real status of the track profile and unsprung mass. The second distribution is an IT-2FLS-based inverse MRD model (T2F-I-MRD) established via the measured dynamic response of a real MRD for specifying the input current supporting the MRD to generate the required damping force. During the operating process, the optimal parameters of the Ad-op-SMC are always updated by the T2F-SMC-TPM to adapt itself to the real status of the track and unsprung mass. By using the required damping force value specified by the Ad-op-SMC and NUO in total, the corresponding input current for the MRD is then estimated by the T2F-I-MRD to stamp out the chassis mass's vibration. It should be noted that, together with the main roles in the T2F-SMC-TPM and T2F-I-MRD as mentioned above, the IT-2FLSs are also taking part in reducing the system's model error via the ability to infer of the type 2 fuzzy logic system.
Building an IT-2FLS from a Data Set
In this section, the algorithm for optimal design of IT-2FLS from a data set named OD-T2FLS [7] is briefly presented to build the T2F-SMC-TPM and T2F-I-MRD in the next section. The accuracy of a data-driven fuzzy model depends directly on the accuracy rate of the fuzzy sets used to establish the FLS. Since it is very difficult to exactly determine an appropriate membership grade of an element due to many causes related to understanding grade of the system or uncertainty issues, T-2FS can be generally used.̃in the T-2FS is defined as follows [7] :
where 0 ≤̃( , ) ≤ 1, ∈ and ∈ ⊆ [0, 1], is a type 2 membership function (T-2MF). Wheñ( , ) = 1 ∀( , ), is called an interval T-2FS (IT-2FS) and given bỹ
The secondary membership function (MF) of a T-2FS̃is a vertical slice of̃( , ). Figure 1 reflects that, at each value of , for example, = , the 2D plane, whose axes are and ( , ), is called a vertical slice of̃( , ) at . The primary membership of , , is called the domain of the secondary MF.
The footprint of uncertainty (FOU) is used to express the uncertainty status in the primary memberships. This is a bounded region, which is the union of all primary memberships:
Shock and Vibration IT-2FLS is a FLS based on the IT-2FSs. In the IT-2FLS, the significant factors to be considered are falsifiers, inference engine, rules, output producer including a type reducer, and a defuzzifier. These can be expressed by a mapping from crisp inputs into T-2FSs, and from T-2FSs into crisp outputs. The mapping can be expressed via the general form of IF-THEN rules. The th rule of can be displayed as follows:
where = 1 ⋅ ⋅ ⋅ , and denotes the number of rules, = [ 1 , . . . , ] is the input of the th data sample,̃1, . . . ,ã re antecedent T-2FSs, and̃( ) is a consequent T-2FS corresponding to the th rule. The predicted output is calculated via an output producer consisting of type reducer and defuzzifier. This is a process of mapping from the T-2FS to the T-1FS and hence to the crisp output of the T-2FLS. There are various approaches for defining the crisp output, in which the centroid method is more widely applied and also used in this study. As a result, a crisp number expressing the center of the type-reduced set is the output of the defuzzifier which indicates the predicted output.
In [7] , Nguyen et al. presented algorithm OD-T2FLS for optimal design of the IT-2FLS from a dataset. This is a combination of the clustering in joint input-output data space to establish and optimize the T-1FLS and an adaptive solution to transforming the T-1FLS into the IT-2FLS including the optimizing parameters of the IT-2FLS. Firstly, a process of establishing ANFIS is performed. The ANFIS being T-1FLS is then optimized via the training process. The parameters of the optimized T-1FLS are then used to build the initial structure of the IT-2FLS. Subsequently, the IT-2FLS is optimized via the well-known genetic algorithm (GA). The content of the OD-T2FLS can be briefly presented by the flowchart shown in Figure 2 . 
Vibration Control Problem and Solution
In this work, MRD-based railway suspension system which can be modelled as a quarter rail car is adopted to demonstrate robust vibration control performance of the proposed control approach. This is a nonlinear system impacted by UAD which can be participated into two groups. The first one relates to the unknown model error as well as time load including weight of passengers and impacting of wind on the operating train. The second group relates to unknown uneven status of track profiles. The impacting of the first group on the system is illustrated by the parameter = ( ) in the figure while that of the second group is expressed by the vertical displacement of track profile, . Displacements of and are presented by and , respectively. In this model, is the active control force generated by the actuator which is the MRD in this survey; is the stiffness coefficient of linear spring; is deflection stiffness the wheel and track; is the damping coefficient of suspension; is the damping coefficient of the wheel and track. , , , and are sprung and damper forces corresponding to , , , and , respectively. The unsprung mass consisting of mass of the wheel, shaft, brake, and suspension linkage is constant while the sprung mass is the time parameter, = ( ). A state vector x( ) having state verifies depicted via dynamic response signals of ( ) and is defined as follows:
Based on x( ), the spring and damper forces can be expressed as
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The dynamic equations of the sprung and unsprung masses can be established via the Newton's Second Law as below [2] :
By using expressions from (6) to (9), the state space can be reexpressed by (10) and (11) as below:
where
The role of the controller AT2FC is to create the control force = ( ) such that the acceleration of vertical dynamics vibration response of the car chassis can be extinguished as much as possible. Focusing on this purpose, in this paper a robust control strategy for the MRD which works as an actuator to create the control force = ( ) is proposed as shown in Figure 4 .
Design of the Controller AT2FC
The basic structure and operating principle of the proposed controller AT2FC is shown in Figure 5 . The control algorithm consists of four main parts: the sliding mode controller SMC, the identification model T2F-SMC-TPM, the nonlinear UAD observer NUO, and the inverse MRD model T2F-I-MRD. At each time, related to the real-time-based status of the load and track profile, a corresponding adaptively optimal structure of the SMC, the Ad-op-SMC, is established via the T2F-SMC-TPM to specify the main control force ( ). The impact of the disturbance aspects on the suspension is compensated by the compensating active force ( ) estimated by the NUO. Working as an actuator, the input current ( ) for MRD is then estimated via the T2F-I-MRD based on the required total input force value coming from the Ad-op-SMC and NUO; ( ) = ( ) + ( ).
Design of the Original SMC.
For the design of original SMC, as presented in [2] , a sliding surface based on displacement and velocity of the chassis is firstly defined as follows:
where 1 is a positive parameter participating in as a rotation coefficient of the sliding surface. By choosing Lyapunov candidate function as (x) = 0.5 2 ≥ 0, to whicḣ (x) =, it can infer that control law ( ) is chosen so thaṫ ( ) = − sat( ( )), in which is a positive real number; then (x) → 0 is a Lyapunov asymptotically stable process. With reference to (8) , it can infer the control law deriving from the original SMC as follows:
wherê( ) denotes the estimated value of ( ); the function sat(⋅) is defined as
Lemma 1. Consider the system (10) controlled by active force (13). The dynamics of ( ) → 0 is an asymptotically stable process in the sense of Lyapunov process if and only if̂( ) → ( ).
Proof.̂( ) can be expressed via the estimate error ( ) ∈ R of ( ) as below:̂(
From (8), (12), (13), and (15), the following equations are inferred:̇(
By choosing a Lyapunov candidate function as ( ( )) = 0.5[ ( )] 2 ≥ 0 together with (16), the following is obtained:
Based on (17) , if ( ) = 0, meaninĝ( ) → ( ), we obtaiṅ
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Due to ( ( )) ≥ 0, it can infer that ( ) → 0 is an asymptotically stable Lyapunov process. Conversely, if ( ) ̸ = 0 is a random real number, the clause (18) does not exist. This means that ( ) → 0 is not an asymptotically stable Lyapunov process. Practically, in order to overcome difficulty related to the chattering phenomenon, we use in (18) as proposed by S. D. Nguyen and Q. H. Nguyen in [9] as in (19).
where , = 2, 3, are positive adaptive coefficients. In this paper, 3 is chosen by 0.3. The optimal value of such that ( ) → 0 can be determined via the well-known optimal seeking algorithms. In this paper, we use the rank-Differential Evolution algorithm [28] for this work to build the T2F-SMC-TPM which will be presented in the next section by estimatinĝ so that Lemma 1 is satisfied.
Design of the NUO.
The role of the NUO is to estimate = ( ), meaninĝin (13) . In [9] , based on the theory of nonlinear dynamic inversion control presented in [17] , S. D. Nguyen and Q. H. Nguyen have presented the NUO for estimating the impact of lumped disturbance aspects. By this way, the compensating active force is expressed bŷ
where l = [ 1 2 3 4 ] is a vector of constants and ( , ) can be estimated via a recurrent process based on the following expression:
It had proved in [9] that, in casê( ) is estimated by (20)- (21), UAD aspects are slowly time varying and 0 = 4 / − 2 / ( ) > 0; then the following clause can be inferred:( ) + 0 ( ) → 0 ∀x( ). It means that ( ) → 0; hencê( ) → ( ). Thus, based on Lemma 1 we can conclude that ( ) → 0 is asymptotically stable in the sense of Lyapunov process. From (13) and (20)- (21), it can infer that the active force to control the MRD-based railway suspension can be separated into two parts as in (22) , in which the main part, ( ), comes from the Ad-op-SMC as in (23) , while the second part, ( ), is the supplement active force estimated by the NUO given in (24) .
In this paper, 3 is chosen to be 0.3.
Design of the T2F-SMC-TPM.
Actually, it can be observed that the best SMC can be described via the main factors participating in the two following phases. From a sliding surface (SLS) depicting a stability norm, in the first phase, the system's dynamic response is controlled not only to direct towards the SLS but also to reach it as soon as possible. Then, as the second phase corresponding to the period when the system works on the SLS, system's dynamic response needs to be kept on moving along the sliding surface with an appropriate switching rate to stamp out the chattering phenomenon.
To establish an appropriate operating condition applying the above directions, in this paper, when the chassis mass and the track profile change, both the optimal slope 1 of the SLS and adjusting velocity 2 of control law (23) need to be adaptively interpolated. For this work, an IT-2FLS is used to identify the relation between the chassis mass, special features of the track profiles, and 1 as well as 2 via an experimental data set. As a result, the trained IT-2FLS called the T2F-SMC-TPM is utilized to interpolate the optimal values of 1 and 2 which is then signed 1 and 2 , respectively. By this way, the adaptively optimal SMC is created and called the Ad-op-SMC. It should be noted that to set up the T2F-SMC-TPM, the train data set needs to be built which is presented as below.
In railway environment, real tracks are neither constantly straight nor perfect, and hence straights, curves, and track irregularities need to be integrated by different ways [29] . These track geometry features of track profiles impact directly on dynamic responses of the railway cars. In general, a real track profile is a summation of the isolated track geometry variations consisting of cusp, bump, jog, plateau, trough, sinusoid, and damped sinusoid with track irregularities [30] . The typical locations at which these profile types often occur have been also illustrated in this document. The bumpshaped profile with a disturbance surface expresses locations where two adjacent rails are to be connected (joints), or soft spots, washouts, mud spots, fouled ballast, spirals, grade crossings, bridges, overpasses, turnouts, or at the interlocking. The sinusoid profile expresses the track's uneven status at spirals, soft spots, or at bridges, while the track profile like trough with irregularities illustrates special areas such as soft spots and soft and unstable subgrades, or at spirals. Related to building the dataset for training the T2F-SMC-TPM, an issue here is how to model a track profile or, in general, what geometrical features can be used to express a track profile. In fact, there are several parameters expressing geometrical feature of a profile type. However, pragmatically, in this paper only parameters that could be estimated easily by an online measuring process are selected. They are the amplitude ( ) of the profile, the maximum of the power spectral density (PSD) of the track profile, and the peak frequency ( PSD ) when the PSD reaches the maximum value. For each track profile, the change level in the vertical displacement ( ) in the time domain can be depicted by its amplitude while the frequency components of this signal can be illustrated via the power spectrum density of the time series ( ). PSD describes how the power of the time series is distributed over the different frequencies. Hence, PSD can be used to estimate the bumpy status of the geometrical surface of the track profile.
Namely, normalized parameters of the maximum amplitude, the maximum of the PSD, the peak frequency, and the chassis mass, respectively, signed , PSD, PSD , and are specified as follows. Regarding the th track profile, the normalized amplitude is defined as follows:
where max = max ⟨ ⟩ ;
In the above, ( ) = [ 1 , . . . , ] is the vertical displacement and is the number of sampling points of the th track profile. For the th track profile, let PSD max and PSD be the maximum and average values of PSD, non zero be the set of PSD larger than a threshold value defined as PSD max , in which is a positive coefficient, chosen = 0.01 in this paper, and non zero be the length of non zero .
The normalized PSD is then defined as in (28) .
Finally, for the th track profile, let PSD be the frequency corresponding to the maximum value of PSD, to say PSD max ; let be the normal chassis mass; the normalized peak frequency and normalized mass are then defined as follows:
where is a positive coefficient, which is chosen = 0.01 in this paper, while is the surveyed frequency range.
Thus, the dataset for training the T2F-SMC-TPM is structured by the data samples typed ⟨[input] − [output]⟩ as follows:
where is the number of surveyed track profiles and chassis mass values. The dataset (31) is then used to train the T2F-SMC-TPM using the algorithm OD-T2FLS [7] . Based on the established T2F-SMC-TPM, corresponding to the track profile features and the chassis mass at the sampling time, the two adaptively optimal parameters [ 1 , 2 ] are interpolated. As a result, the main part (23) of the control damping force is finally calculated as below:
In this study, 3 is chosen by 0.3. In order to generate the required damping force, MR ( ) ≡ ( ), ( ) = ( ) + ( ), to control the suspension stamping out chassis vibration as shown in Figures 4 and 5 , the inverse MRD model T2F-I-MRD for calculating the corresponding current ( ) is built via a measured data set expressing dynamic response of the MRD. Based on the dataset and the algorithm OD-T2FLS [7] , the T2F-I-MRD is then trained. This content is detailed in the next section.
Experiment and Estimation

Establishing the T2F-I-MRD.
In order to build the T2F-I-MRD, an experimental apparatus is established as shown in Figure 6 . The load cell (3) is fixed to the piston shaft (6) of the MRD and directed by the upper bed (7) to connect to the shaft of the DC servo motor (2) via the translating rod (8) . The cylinder of the MRD (4) is fixed to the lower bed (5) . Based on the eccentric equipment (1), rotation of the motor shaft is transformed into translation motion of the damper piston. The signal from the load cell, MRD force MR , is sent to the computer via the A/D converter and signal process equipment. By adjusting rotation velocity of the DC motor via the computer and motor driver and by adjusting the current I applied to the MRD via the computer, the D/A converter, and the amplifier, the corresponding MR is obtained. The input-output of the data set for building T2F-I-MRD is [ 1 2 3 ] ≡ [ V MR ] and ≡ , = 1 ⋅ ⋅ ⋅ , respectively, in which is the number of data samples.
Building the T2F-SMC-TPM.
As mentioned in [30] , a track profile is integrated by several typical track types such as the cusp, bump, jog, trough, plateau, sinusoid, and rail joint areas. Therefore we utilize a mathematical model depicting an uneven status with a disturbance Shock and Vibration 7 surface as in (33) to build the database for training the T2F-SMC-TPM.
In ( is the amplitude of the signal which also is chosen randomly such that it distributes around zero with a radius of 0.01; 0 is a positive coefficient chosen randomly. In this paper, it belongs to 0 ∈ [ 5 15 ]. For example, by choosing 0 = 10, changing the velocity from 10 km/h to 300 km/h, and changing the sprung mass from 19,600 kg to 22,600 kg, some extractions from the obtained track profiles are shown in Figure 7 ; deriving from the track profiles, based on the DE algorithm [28] and the proposed method with the principle parameters of the suspension given in Table 1 , we obtained 30 input-output data samples as in Tables 2(a) and 2(b). By this way, the training database consisting of 0 input-output data samples as mentioned above is generated. Based on the database and the algorithm OD-T2FLS [7] , the T2F-SMC-TPM is established.
Surveys and Results.
Using the mechanical frame of the suspension presented in Figure 3 and Table 1 , four different suspension systems are established to evaluate control performance of the proposed controller AT2FC. In addition, for the comparison work, the controller NFSmUoC in [9] and the controller CO-FSMC in [31] are adopted. The first suspension system is the passive (or the uncontrolled suspension) while the second, third, and fourth are the individual integration of each of the three controllers NFSmUoC, CO-FSMC, and AT2FC into the suspension to set up three controllable suspension systems. The four suspension systems are all applied to estimate the proposed method. Two random changing factors reflecting external disturbances are imposed to the four suspension systems. The first random factor is the chassis mass ( ) = 9600 ± 3000 kg and the second one is the unknown uneven surface and profile status of the three considered track types as shown at the end of this subsection.
In all surveys, the standard ISO 2631-1997 is referred as the ride comfort criteria. This standard is especially devoted to riding comfort in train and widely utilized to test the ride quality such as building criteria outlined in MSRP (Manual of Standards and Recommended Practices) of the Association of American Railroads. Maximum value of displacement and acceleration, and as well as their average absolute values, and , are all considered as follows:
In (34) and (35), expresses th sample; is the number of samples; ,̈, respectively, are vertical displacement and acceleration of the chassis mass. Besides, analyzing frequency from the acceleration signal is also considered. As mentioned above, three typical track types consisting of the bump-typed track, sine-typed track, and the broken rail with unknown uneven surfaces are used.
For the tracks, we used the three track types consisting of the bump-typed track, sine-typed track, and the broken rail with unknown uneven surfaces.
The first track type is used to verify the ability to pass over a length of the bump-existed rail in the presence of external disturbance. The status shown in Figure 8 always appears in the railways [30, 32] which can be described mathematically as
In the above, 0 is the half of the bump height; = 2 / ; is the bump width; is the train velocity passing over the bump. In the above, rand(0, 0 ) is a number surrounding zero with an absolute amplitude smaller or equal to 0 representing the uneven track surface. Here we use 0 = 0.1 m, = 50 m, = 27.7778 m/s (100 km/h), and 0 = 0.002. By using (25) , (28) , and (29) 
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results are then obtained as shown in Figures 9 and 10 and Table 3 .
For the second rail status, a sine-typed track profile with a varying amplitude and cycle along with an uneven surface depicted by rand(0, 0.5 0 ) is employed to express a train going up and down through a length of rail with bump-typed tracks. As mentioned in [30, 32, 33] , this track type often exists in the railways. For the one shown in Figure 11 with the amplitude of 0.0536 (m) and cycle of 1.2 (sec) which describes a train with the speed of 50 km/h to be traveling through the length, the normalized GSFs are obtained as follows: = 2.6391, PDS = 4.094, and PDS = 18. Therefore, by using the T2F-SMC-TPM, the Ad-op-SMC is interpolated; in case of = 1.1, its optimal parameters are 1 = 2419.2504 and 2 = 1799.2112. Figures 12 and 13 and Table 4 illustrate the obtained survey results. The other rail status related to a dangerous working condition of the system is also considered as a third case. Reality has shown that broken rails or welds or detail fractures are the main causes of derailment (http://safetydata.fra.dot .gov/), in which broken rails are the leading cause of the accident [33] . A broken rail with the disturbed surface shows in Figure 14 (a) (https://www.networkrail.co.uk/running-therailway/looking-after-the-railway/delays-explained/). Figure 14 (b) depicts train wheels operating with the velocity of 100 km/h to be passing over the broken area at the instant = 1 second. In this case, we obtained = 69.2582, PSD = 2.4559, and PSD = 9. The T2F-SMC-TPM is then used to update the Ad-op-SMC. In this case of = 1.1, Ad-op-SMC's optimal parameters are 1 = 2783.15 and 2 = 2021.55. The results obtained from this track profile are shown in Figures 15-17 and Table 5 .
Discussion.
The results obtained from the three track profiles reflect that the ability to stamp out vibration of the suspension controlled by the proposed controller AT2FC is better than that controlled by the NFSmUoC [9] or the CO-FSMC [31] , and much better than the passive one. Firstly, it is seen from Figures 9, 12, and 15 and Tables 3-5 that, from the chassis displacement responses, there is a contrast between the result from the AT2FC and the passive system; the difference between chassis displacements among the controlled ones decreases significantly; however the lowest value belongs to the AT2FC. For example, Time (sec) Figure 13 : The sine-type track profile: vertical chassis acceleration corresponding to each method. and coming from the AT2FC are slightly higher than those from the NFSmUoC or CO-FSMC, the AT2FC is the most effective one by means of the ride comfort criteria because the dependence of the criteria on and is more considerable than that on and .
Related to the frequency domain, analyzing power spectral density (PSD) of the acceleration signal is also considered as shown in Figure 17 . Being much the same as the corresponding results obtained in the time domain, PSD of acceleration of the chassis vibration controlled by the AT2FC is smaller than that controlled by the NFSmUoC and much smaller than PSD of acceleration from the passive one. Besides, although all of the three methods exist resonance zones, the maximum value of PSD in these zones related to the proposed controller is the smallest. Another aspect can be also seen from Tables 2(a) and 2(b) that the optimal structure of the SMC is sensitive not only to the change of the sprung mass ( ) but also to the special features of the track profiles. When the load and GSFs change, the optimal structure of the SMC depicted by 1 , 2 is changed in a quite wide range. As a result, if the train's operating condition changes quickly, the ability to adapt of the original SMC becomes worse remarkably. This is the main reason why the Ad-op-SMC should be used instead of the original SMC.
Conclusion
In this work, a new adaptive type 2 fuzzy sliding controller (AT2FC) for vibration control of MRD-based railway suspension systems has been developed and successfully implemented via experimental realization. In order to cope with UAD existing in real operation conditions, the proposed controller has been formulated by establishing the adaptive Shock and Vibration 13 ability. The AT2FC consists of four main parts: the Ad-op-SMC, T2F-SMC-TPM, NUO, and the T2F-I-MRD. In the operating process, via the T2F-SMC-TPM, the Ad-op-SMC is updated by the adaptively optimal parameters according as the real time status of the load and track profile. By using the Ad-op-SMC and NUO, the error between the required damping force and the corresponding estimated one is improved. As a result, by using the T2F-I-MRD and the estimated damping force, the input current for the MRD is specified to stamp out chassis vibration more effectively. Together with the stability attribute proved theoretically, it has been also verified from the surveys that the proposed AT2FC can provide an adaptive ability against UAD better than the previous control methods.
